This study examines the performance of Japanese electric power companies from 2003 to 2020. We use an observed data set from 2003 to 2015 and a forecasted data set from 2016 to 2020. The Japanese deregulation of the industry needs to be completed by April 2020. As a method, this study uses data envelopment analysis (DEA) environmental assessment, which measures performance from a holistic perspective. This research adds a new analytical capability to the DEA-based assessment by including an analytical ability to handle an "imprecise" data set. We apply the proposed approach to investigate the performance of these companies before and after the disaster of Fukushima Daiichi nuclear power plant (11 March 2011). All electric power companies have suffered from business damage due to the nuclear disaster. The Japanese government has developed a policy scheme on how to recover from the huge handling costs resulting from the disaster. Nuclear energy has been long considered the most useful approach to handle climate change. However, many industrial nations have changed policy direction since the nuclear disaster. The Japanese government allocates the costs to not only Tokyo Electric Power Company, which produced the nuclear disaster, but also the other incumbent electric power companies that own nuclear power plants. Under the current Japanese scheme, financial conditions have been gradually recovering from the damage due to the managerial efforts and by indirectly allocating the expenditure to consumers and tax payers.
Introduction
Climate change due to global warming is now a major concern across the world. Climate change refers to an increase in the average global temperature for air, sea and land. Natural events and economic activities, including industrial development and business activities, contribute to an increase in the average global temperature. The change is primarily caused by an increase in greenhouse gases (GHG) such as carbon dioxide (CO 2 ). It is necessary for us to combat the environmental problem through international cooperation among industrial and developing nations, green technology innovations, and managerial challenges in public and private sectors [1] .
In the global trend, Japan has long been combating various industrial pollution sources including GHG emissions [2] . In reviewing the Japanese environmental policy, we pay attention to a new Basic Energy Plan (BEP) approved by the Japanese Cabinet on 11 April 2014. The BEP discussed a long-term energy policy direction and its industry development. The plan attracted public attention because
Previous Studies on DEA Applied to Energy and Climate Change
It is known that DEA has been used in previous research efforts on performance assessment. However, their applications have not incorporated the proposed research scope because they need to consider the existence of undesirable outputs (e.g., CO 2 emissions) for environmental assessment.
For example, the data structure between X (inputs) and G (desirable outputs) was discussed in previous DEA research. However, it does not fit its environmental assessment because we need to incorporate B (undesirable outputs) as the by-products of G. Thus, the output unification between G and B needs to be considered in this research.
Previous works on DEA contain many research efforts applied to energy and environment. For example, as discussed in Sueyoshi et al. [16] , almost 700 peer-reviewed articles have been published in the past four decades. Sueyoshi and Goto [2] provided information on more than 800 articles on DEA that included applications to energy and environment. Since the two literature surveys discussed most of the previous woks on DEA environmental assessment, this research does not describe all of them, except for noting that the number of publications has drastically increased, particularly since 2010.
To describe DEA's popularity applied to energy areas, Table 1 summarizes the previous publications [17] [18] [19] [20] [21] [22] [23] [24] [25] [26] [27] [28] [29] [30] [31] [32] [33] [34] . Most of the works were interested in energy efficiency (EE) enhancement by using DEA-based applications. The previous studies with environment ENV investigated the performance assessment on environment protection efforts. Acknowledging their contributions, it is necessary to describe that a methodological difficulty still exists in the assessments because they do not discuss how to handle data impreciseness for future planning and its related performance evaluation. 
Reference
Summary Topic [17] Within a conventional DEA model, the study used the concept of weak and strong disposability to measure Chinese coal-fired power plants. ENV [18] Proposed a method to evaluate energy efficiency performance of OECD and non-OECD countries from 2005 to 2012. Took into account the joint inputs and sub-joint inputs to reveal the specific information on how inputs were allocated to outputs.
EE [19] Discussed DEA window analysis approach and Moran's Index were used to analyze the industrial CO 2 emission efficiency and reduction potential. ENV [20] Constructed a slacks-based measure DEA model and an index of total-factor energy efficiency to investigate the energy efficiency of the 29 provincial-administrative regions in China during 1997-2011.
EE [21] Proposed a DEA-based approach to allocate China's national CO 2 emissions and energy intensity reduction targets over Chinese provincial industrial sectors. EE, ENV [22] Discussed a potential of available technologies to prevent the climate change in the United States. EE [23] Adopted DEA to evaluate the energy efficiency in China's coastal areas over the period of 2000-2012. Carbon dioxide, sulfur dioxide and nitrogen oxide were treated as undesirable outputs of energy consumptions.
EE [24] A DEA model was developed for assessing performance of PV installations and applied to a large set of rooftop PV installations in California from 2008 to 2012. ENV [25] Two total factor productivities (TFP), namely energy adjusted TFP and energy and carbon dioxide emissions adjusted TFP, were estimated using superefficiency DEA models for 30 Chinese provinces over the period 1997-2010. EE, ENV [26] Proposed a tractable method for obtaining systemic Pareto optimal allocation schemes using DEA and three allocation of emission permits models were developed with taking account of different real-world scenarios.
ENV [27] Proposed network range adjusted environmental DEA and examined the impacts of carbon neutral growth from 2020 strategy on airline environmental inefficiency. ENV [28] Proposed a decomposition approach to measure components of CO 2 emission in Chinese provinces. ENV [29] Measured unified efficiency of fossil fuel power plants across provinces in China by non-radial directional distance functions. EE [30] Measured unified efficiency of Chinese fossil fuel power plants by intermediate approach and window analysis. ENV [31] The non-radial directional distance function and the global data envelopment analysis method were combined to measure the unified (technical, allocative, operational and environmental) efficiency of Chinese service sector.
ENV [32] Three methodological difficulties in DEA approach was examined in applying DEA to corporate sustainability assessment of Japanese industries: how to handle zero and/or negative values, how to unify inputs, desirable, and undesirable outputs within a synchronized framework, and how to identify a possible occurrence of a production limit and green technology innovation.
ENV [33] Assessed road transportation sustainability by combining environmental impacts and environmental concerns. ENV [34] Proposed a modified DEA approach that recognized the two objectives of income maximization and pollution abatement cost minimization considering regional collaboration. The approach was applied to measure industrial carbon allocation in China.
ENV
The abbreviations are as follows: DEA: data envelopment analysis, TEP: total factor productivities, OECD: organization for economic co-operation and development, CO 2 : carbon dioxide, EE: energy efficiency and ENV: environment.
Previous Studies on Data Impreciseness
Two groups of previous studies have explored the imprecise data within the conventional DEA framework. Here, "conventional" means that DEA models did not incorporate B. In the first group, the production factors used in those previous studies are X and G. See, for example, Cooper et al. [35] , who applied chance-constraint analysis to handle an imprecise DEA model that incorporated a concept of "risk" related to future uncertainty. Sueyoshi [36] also applied the same analysis to predict the future performance of Japanese petroleum industry; see Chen [37] and Cooper et al. [38] as well. An important feature of the group is that all studies have considered data impreciseness as a stochastic process and transferred it into a linear programming equivalent. However, they did not incorporate B into their computational frameworks so that these direct applications would suffer from double standards on satisficing G (maximization) and B (minimization). Acknowledging the importance of considering B, Energies 2020, 13, 490 5 of 24 this study does not incorporate the stochastic approach as found in these previous works. Rather, we will use a new approach (i.e., the range of a supporting hyperplane) to express data impreciseness to avoid the double standard issue.
The second group assumed an error distribution to express the stochastic uncertainty in production factors. For example, research on DEA under uncertainty, such as Kao and Liu [39] , used a fuzzy function to express uncertainty. Liu [40] discussed how to use DEA-based fuzzy assessment on flexible manufacturing systems to improve their technology, competitiveness and profitability by enhancing manufacturing effectiveness. Liu [41] further extended the fuzzy-based DEA approach by assurance region analysis (ARA), which provided constraints on multipliers, or dual variables; see Thompson et al. [42] on ARA. The proposed DEA approach by Liu [40, 41] was promising; however, this study cannot utilize the proposed approach because we need to incorporate B a requirement of this study.
Position (originality) of this study: Acknowledging the importance of previous efforts on data impreciseness (e.g., corporate performance from 2016 to 2020 in this study) in energy and climate change, this research makes four contributions to the literatures. First, this study differs from the prior studies by incorporating an analytical capability to handle the data impreciseness into DEA environmental assessment. The capability is important because energy policy is for future planning with data impreciseness. Second, a unique feature of the proposed approach is that it incorporates the upper and lower bounds on a supporting hyperplane in order to handle the data impreciseness. See Liu [40, 41] that had a similar research spirit (i.e., a use of ARA), but not considering both the existence of B and the supporting hyperplane. Third, the proposed approach needs to consider environmental assessment which needs to integrate G and B in a unified structure, including X. Finally, this type of approach has been never applied to the performance assessment of Japanese electric power industry.
Current Business Surroundings of Japanese Electric Power Industry
As described in Section 2, the Japanese electric power industry has been conducting gradual market liberalization since 1995. Although the Ministry of Economy, Trade and Industry (METI) tried to facilitate institutional reforms in an efficient manner, the change still belonged to part of the global trend of electricity market liberalization. METI issued cautions to the electric power industry on reform advancement because the progress was slower than that of other industrial nations. However, the situation drastically changed after the Great East Japan Earthquake in March 2011 and the Fukushima Daiichi nuclear power accident. In the aftermath of the disaster, a system reform of the electricity market gained momentum and started the three-step reform plan.
The first step was to establish the Organization for Cross-regional Coordination of Transmission Operators (OCCTO) in April 2015, whose missions promoted the development of electricity transmission and distribution networks which were necessary for cross-regional electricity uses. OCCTO also attempted to enhance the nationwide function of maintaining the supply-demand balance of electricity in both normal and emergency situations.
The second step was to implement full liberalization of the retail market in April 2016, which gave regulated consumers (mainly residential users) eligibility to choose an electricity supplier among incumbent and new entrant companies. In addition, licensing unbundling was introduced in April 2016, under which the electricity supply was composed of three sectors with different licenses: generation, transmission and distribution and retail. Now, anyone can enter the generation sector by notifying METI, and retail sector entrants need to register when starting their business activities. The transmission and distribution sector has remained in regional monopoly and is still constrained by the license and regulation on the business.
The final step will be planned in April of 2020 to implement legal unbundling of the transmission/distribution sector from the generation and retail sectors. The purposes of the separation are to secure a high level of fairness for all players in the electricity generation and retail markets, and to facilitate competition among them, because incumbent companies own all three licenses, particularly a transmission and distribution license. Until now, only TEPCO has already separated the transmission and distribution business from the other sectors. It has established a holding company, TEPCO Holdings. The company has the three separated sub-companies, including fuel and fossil fuel power generation (TEPCO Fuel and Power Inc.), transmission and distribution (TEPCO Power Grid Inc.), and retail businesses (TEPCO Energy Partner Inc.). Currently, TEPCO and the other electric power companies face many business challenges associated with costs incurred by the Fukushima's nuclear disaster. They have also conducted operational reforms for adapting to new technology and innovations such as energy digitalization, de-carbonization, and distributed energy.
Method

Natural Disposability
This research incorporates the concept of "natural disposability", which implies the elimination of inefficiency within the framework of performance assessment (first priority: economic prosperity; second priority: environmental protection) [2] . In the concept, an inefficient decision making unit (DMU, e.g., an electric power company to be evaluated in this study) decreases some components of X or maintains them at their current levels, but increases some components of G. It can be assumed that the decrease of X naturally reduces B.
It is well known that the natural disposability is usually associated with an opposite concept, referred to as "managerial disposability" in which the first priority is environment protection and the second one is economic prosperity. The disposability requests that each DMU needs to increases X for the increase of G and the decrease of B. This research utilizes only the natural disposability, not the managerial disposability, because Japanese electric power companies need to pay attention to their operational efficiencies (so, natural disposability) under the current liberalization process of the Japanese government. See Section 3 and [2] . It is expected that they will gradually shift from the natural disposability to the managerial one.
Under natural disposability, this research incorporates a possible occurrence of congestion (UC: undesirable congestion). The occurrence directly implies a capacity limit on transmission in a grid system. An economic stagnation is another example of this type of congestion. The second example may fit within the scope of this research.
Data Impreciseness
The data set of Japanese electric power companies from 2003 to 2020 is separated into an observed data set from 2003 to 2015 and a forecasted (imprecise) one from 2016 to 2020. It is straightforward to apply our previous DEA approach, discussed in [2] , to the first data set (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) . However, we need to restructure the previous formulation to handle the second data set (2016-2020) because it contains data impreciseness.
To discuss how to handle the second data set, let us consider a DMU (j) which has a data structure with impreciseness. Using the three production factors (x: input, g: desirable output and b: undesirable output) of the specific jth DMU (j = 1, . . . , n) to be evaluated, the data ranges become
where~expresses the data impreciseness that is specified by the upper and lower bounds. The two superscripts (L and U) stand for the two bounds of each production factor.
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Next, this research uses another type of data range on each factor:
It is important to note that the data ranges (1) are applicable to both deterministic and imprecise cases because we measure just the upper and lower numbers of each factor so that we always have
where the ranges on the left hand side are deterministic and those of the right hand side are imprecise. Therefore, this research does not need to use the symbol (~) on the three ranges, hereafter.
Supporting Hyperplane
To handle data impreciseness, we consider a possible range on a supporting hyperplane so that we can shift the data impreciseness to a corresponding deterministic formulation. As a result of the reformulation, we can solve DEA with data impreciseness by linear programming. Mathematically, the supporting hyperplane is determined by dual variables of linear programming formulation. This subsection is aimed to provide a visual description on how to deal with the data impreciseness. Here, let us assume that the supporting hyperplane is expressed by vx ug wb 0
where v, u, w, and σ are unknown parameters to be estimated. The imprecise data ranges specify the ratios among the three production components by
. In Figure 1 As depicted in Figure 1 , the impreciseness of data components is replaced by the upper and lower bounds of the slope of a supporting hyperplane. Of course, the proposed approach might not Here, let us assume that the supporting hyperplane is expressed by v x − u g + w b + σ = 0, where v, u, w, and σ are unknown parameters to be estimated. The imprecise data ranges specify the ratios among the three production components by g L /x U ≤ v/u ≤ g U /x L . In Figure 1 , {B} indicates the slope of g L /x U as a lower bound of the hyperplane and {C} indicates the slope of g U /x L as its upper bound. Thus, the data impreciseness is expressed by the upper and lower bounds of the slope. As depicted in Figure 1 , the impreciseness of data components is replaced by the upper and lower bounds of the slope of a supporting hyperplane. Of course, the proposed approach might not be optimal, but it is a promising approach by which to handle data impreciseness without any assumptions. Furthermore, the proposed approach may enhance computational feasibility because we can solve the problem of data impreciseness by linear programing.
Original Formulations
This section describes mathematical formulations to measure the degree of unified (operational and environmental) efficiency (UE).
The proposed assessment considers that there are n DMUs. The jth DMU (j = 1, . . . , n) uses
The superscript (T) indicates a vector transpose. These column vectors are referred to as "production factors" in this study. It is assumed that all components of the three vectors are strictly positive.
This research used the following model to measure the unified efficiency of the kth DMU under a possible occurrence of undesirable congestion (UC):
where "k" indicates the specific kth DMU to be evaluated. The subscript (j) indicates the jth DMU for j = 1, . . . , n. The left hand side ( n j=1 x ij λ j , n j=1 g rj λ j , n j=1 b f j λ j ) indicates an efficiency frontier and implies a composite (or ideal) performance of the kth DMU.
Model (1) has seven unique features. First, λ = (λ 1 , . . . , λ n ) T is often referred to as comprising "structural" or "intensity" variables. They are used for connecting X, G and B by a convex combination. Second, since Model (1) includes the constraint for the sum of structural variables, the production and pollution possibility set in Model (1) is formulated under variable returns to scale (RTS). Third, Model (1) considers only single-sided input deviations (d x− i = x ik − n j=1 x ij λ j ≥ 0) for X in order to attain the status of natural disposability. Fourth, a scalar value (ξ) stands for an inefficiency score that measures the distance between two efficiency frontiers and an observed vector on G and B. Fifth, the symbol (URS) means "unrestricted." A scalar value ε s represents a very small number that indicates the relative importance between the inefficiency measure and the total sum of slacks. The small number should be prescribed by a user in the manner that the efficiency score locates between zero (full inefficiency) and one (full efficiency). This study sets ε s = 0.0001. Sixth, this type of measurement belongs to the Debreu-Farrell criterion used in the radial models [2] . Finally, the equations, or
, drop slacks associated with B in order to incorporate a possible occurrence of UC.
The unified efficiency under natural disposability (UEN) of the kth DMU with a possible UC occurrence is measured by
where the inefficiency score and all slack variables are determined on the optimality of Model (1). The superscript (*) indicates optimality. The equation within the parentheses indicates the level of unified inefficiency. The UEN is obtained by subtracting the level of inefficiency from unity, as specified in Equation (2). To mathematically discuss the importance of the upper and lower bounds of a supporting hyperplane in absorbing data impreciseness, this study needs to prepare the following dual formulation of Model (2):
where v i (i = 1, . . . , m), u r (r = 1, . . . , s), w f (f = 1, . . . , h), and σ are all dual variables related to the first, second, third, and fourth groups of constraints in Model (2), respectively. Each dual variable indicates the level of an increase in unified inefficiency due to a unit increase in each production factor. Paying attention to w f : URS ( f = 1, . . . , h) in Model (4), we can identify that the slope of a supporting hyperplane is determined by the sign of w f ( f = 1, . . . , h).
The degree of UEN of the kth DMU is measured by the following equation:
because the objective value of Model (2) equals that of Model (4) on optimality.
Handling Data Impreciseness
A major problem of formulations from (2) to (4) is that they include stochastic variables (~) due to the data impreciseness. As a result, we cannot solve them by linear programming. As depicted in Figure 1 , we need to change the impreciseness into the upper and lower bounds of the slop of a supporting hyperplane. For the purpose, this study incorporates multiplier restriction into Model (3) in such a manner that these estimates represent the range of a supporting hyperplane.
To simplify our discussion hereafter, we consider the supporting hyperplane in a simple case (i.e., a single component of each factor). The hyperplane becomes v x − u g + w b + σ = 0, as discussed in Sueyoshi and Goto [1] . The ratios between factors become ∂ g/∂ x = v/u and ∂ g/∂ b = w/u. Since they have the lower and upper bounds, these factor ratios are expressed by the two conditions
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The extension to the case of multiple components of X, G and B indicates the following equations:
After incorporating Equations (6), Model (4) becomes
the same equations (6),
In Model (7), estimated values (x ij , y rj , b f j ) are used as the three production factors. For example, their forecasted average values are used in Model (7) . See Figure 1 .
The level of UEN on the kth DMU is measured by
where all dual variables are determined by the optimality of Model (7) . It is important to note two concerns regarding Model (7) . One of them is that the data impreciseness on X, G and B is replaced by the upper and lower bounds on multiplier ratios as formulated by Model (7) . Such a reformulation indicates a new formulation for DEA-based assessment. The other concern is that we incorporate the additional (7) to maintain the efficiency requirement (0: Full inefficiency and 1: Full efficiency).
Forecasting
This study extends the proposed analytical capability for handling the data impreciseness for forecasting. The extension is important because the forecasted data usually contain the impreciseness. After applying a forecasting method, the performance of the jth DMU in the specific tth period contains the predicted three production factors (x ijt for all i, g rjt for all r, and b f jt for all f ). Here, the above symbol indicates a forecasted value on each factor. Given the forecasted values (e.g., an average between forecasted upper and lower bounds) on the three factors (i.e., 2016-2020 in this study), we reorganized Model (7) by incorporating the tth period to express a time horizon (t = 2016-2020).
Empirical Study of Japanese Electric Power Companies
Assessment Process
This research is interested in examining the performance of Japanese electric power companies from 2003 to 2020 using an observed data set from 2003 to 2015 and a forecasted data set from 2016 to 2020. To attain the research objective, we used three data sets: (a) The observed data set from 2003 to Energies 2020, 13, 490 11 of 24 2015 for DEA assessment, (b) 2015 data for a methodological comparison, and (c) the forecasted data for 2016 and 2020. The forecasted data need to handle the data impreciseness.
The three tasks have the following different research purposes: The first case (2003-2015) examines the influence of OCCTO by measuring the operations of Japanese electric power companies until April 2015. They had to develop their electricity transmission and distribution networks which were necessary for cross-regional electricity uses. The OCCTO attempted to enhance the nationwide function of maintaining the supply-demand balance of electricity in both normal and emergency situations. The second case (2015 data) examines the methodological validity of the proposed approach that newly incorporates an analytical capability to handle the data impreciseness. The last case (2016-2020) examines the influence of full liberalization of the retail market implemented in April 2016 which has provided regulated consumers (mainly residential users) with the eligibility to choose an electricity supplier among incumbent and new entrant companies. The plan will be completed in April of 2020 by implementing legal unbundling of the transmission/distribution sector from generation and retail sectors. Figure 2 explains how we apply the proposed approach for the assessment of the Japanese electric power industry. First, this study classifies an observed data set (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) into two sets, one of which is used as a validation sample (only 2015). The other (2003-2014) is used as an observed data set. We use the validation sample (2015) for the methodical comparison between Model (2) without data impreciseness and Model (7) with data impreciseness. Since the year (2015) is observed and given to us, Model (2) can drop the data impreciseness while Model (7) handles the data (2015) as an imprecise data set for our comparison. The sample sets (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) are used for forecasting from 2016 and 2020 in this study. (a) Inputs are total assets and operating expenses; desirable outputs are total revenue and total enterprise value; and an undesirable output is CO 2 emissions. (b) The observations on each factor are divided by the mean to standardize the scale so that they are unit-less. 2016-2020 in this study), we reorganized Model (7) by incorporating the tth period to express a time horizon (t = 2016-2020).
Empirical Study of Japanese Electric Power Companies
Assessment Process
This research is interested in examining the performance of Japanese electric power companies from 2003 to 2020 using an observed data set from 2003 to 2015 and a forecasted data set from 2016 to 2020. To attain the research objective, we used three data sets: (a) The observed data set from 2003 to 2015 for DEA assessment, (b) 2015 data for a methodological comparison, and (c) the forecasted data for 2016 and 2020. The forecasted data need to handle the data impreciseness.
The three tasks have the following different research purposes: The first case (2003-2015) examines the influence of OCCTO by measuring the operations of Japanese electric power companies until April 2015. They had to develop their electricity transmission and distribution networks which were necessary for cross-regional electricity uses. The OCCTO attempted to enhance the nationwide function of maintaining the supply-demand balance of electricity in both normal and emergency situations. The second case (2015 data) examines the methodological validity of the proposed approach that newly incorporates an analytical capability to handle the data impreciseness. The last case (2016-2020) examines the influence of full liberalization of the retail market implemented in April 2016 which has provided regulated consumers (mainly residential users) with the eligibility to choose an electricity supplier among incumbent and new entrant companies. The plan will be completed in April of 2020 by implementing legal unbundling of the transmission/distribution sector from generation and retail sectors. Figure 2 explains how we apply the proposed approach for the assessment of the Japanese electric power industry. First, this study classifies an observed data set (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) into two sets, one of which is used as a validation sample (only 2015). The other (2003-2014) is used as an observed data set. We use the validation sample (2015) for the methodical comparison between Model (2) without data impreciseness and Model (7) with data impreciseness. Since the year (2015) is observed and given to us, Model (2) can drop the data impreciseness while Model (7) handles the data (2015) as an imprecise data set for our comparison. The sample sets (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) are used for forecasting from 2016 and 2020 in this study. Figure 3 visually specifies regions from north to south where energy utility firms provide electricity. There are ten electric power firms in Japan. Okinawa Electric Power Company is excluded from the data sample because it is much smaller than the other nine utilities in terms of their business scales.
Energies 2020, 13, x; doi: FOR PEER REVIEW www.mdpi.com/journal/energies (b) The observations on each factor are divided by the mean to standardize the scale so that they are unit-less. Figure 3 visually specifies regions from north to south where energy utility firms provide electricity. There are ten electric power firms in Japan. Okinawa Electric Power Company is excluded from the data sample because it is much smaller than the other nine utilities in terms of their business scales. Table 2 presents a TEPCO data set from 2003 to 2015 as an illustrative example of Japanese electric power companies. We obtained the data set from Japan's Federation of Electric Power Companies and the annual reports of the energy utility company. The observations on each factor are divided by each mean to standardize their scales. The adjustment is important in avoiding the case where a large data usually dominates a computation process, thus producing unreliable results. An important finding in Table 2 is that TEPCO has drastically reduced in corporate value from 2011 after the Great East Japan Earthquake generated a huge tsunami that caused damage to the northern part of Japan in March 2011, causing an exceptional disaster at the Fukushima Daiichi nuclear power plants. Since then, the electric utility firm has been operating as a public entity controlled by the Japanese government.
Research expectation: Before our DEA application, we expected that the company performed insufficiently after the nuclear disaster and would have a difficulty in improving the business status in future performance assessment. Such an expectation has initiated this study.
Primary Study
The production factors of the Japanese electric power companies include (i) inputs, comprising (i-1) total assets and (i-2) the amount of operating expenses; (ii) desirable outputs, comprising (ii-1) total revenues and (ii-2) total enterprise values; and (iii) an undesirable output, which is the amount of CO 2 emissions. The observed annual periods are from 2003 to 2015. Table 3 summarizes the descriptive statistics of all nine electric power companies during the annual periods (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) . They are divided by the mean to standardize their scales. Due to a space limit, this study lists only four annual periods (2003, 2007, 2011 and 2015) along with the averages of all electric power firms. Here, the average of each observed factor implies that the sum of these observations is divided by the number of annual periods (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) . The statistics provide a whole view on the data set. At the first step of this primary study, we pooled data from 2003 to 2015 into a single data set and applied Model (2) . In this case, Model (2) did not incorporate data impreciseness because they were observed data. Table 4 summarizes the unified efficiency (UEN) measures of the nine electric power companies from 2003 to 2015. Figure 4 visually describes the annual shift of their unified efficiencies. As summarized in Table 4 and Figure 4 , they performed well until 2010, but they declined after 2011 when the disaster of the Fukushima Daiichi nuclear power plants occurred on March 11 2011. As depicted in Figure 4 , since the occurrence, Japanese electric power companies have suffered from the damage due to the nuclear disaster. 
Handling Imprecise Data from 2015
Using the data set shown Table 3 , this study have considered two approaches to handle imprecise data, as depicted in Figure 2 . First, we used data for the nine electric power companies in 2015 only. In this case, all observations did not have data impreciseness, so we dropped the symbol (~) in the formulation of Model (2) . Second, we used a forecasting technique (e.g., exponential smoothing) to estimate the performance of the nine utility firms in 2015 by using the data set from 2003 to 2014. Exponential smoothing was used in this comparison to smooth the constants between 0 and 1 for forecasting. We used 0.1 and 0.9 for the prediction. Thus, we obtained their upper and lower bounds on the performance estimates of the nine electric power firms in 2015. We applied Model (7) to the predicted data set from 2015. The purpose of this comparison is to examine whether any difference occurs between the data with and without data impreciseness.
Exponential Smoothing: The forecasting method is specified here. The forecasted three production factors become the following equations: 
In Equation (9), the symbols Fx, Fg, and Fb on the left-hand side indicate the forecasted values of the three factors in the tth period. This study used the mean between the upper and lower bounds of each factor to determine the unified efficiency from the forecasted data. The right-hand side indicates those in the t = 1 period and observed data in the tth period. The initial value of each factor ( , , ) was calculated by the average of the factor during the former half period (i.e., from 2003 to 2008). The value α ( 0 1 α < < ) is referred to as a "smoothing constant." Thus, the forecasting for the tth period is simply the weighted sum of the observations and the predicted values from the first to the last period. To enhance the computational tractability, this study has used Stata ver.14 econometric software, which incorporates a single exponential smoothing method. 
Exponential Smoothing: The forecasting method is specified here. The forecasted three production factors become the following equations: In Equation (9), the symbols Fx, Fg, and Fb on the left-hand side indicate the forecasted values of the three factors in the tth period. This study used the mean between the upper and lower bounds of each factor to determine the unified efficiency from the forecasted data. The right-hand side indicates those in the t = 1 period and observed data in the tth period. The initial value of each factor (Fx ij2003 , Fg rj2003 , Fb f j2003 ) was calculated by the average of the factor during the former half period (i.e., from 2003 to 2008). The value α (0 < α < 1) is referred to as a "smoothing constant." Thus, the forecasting for the tth period is simply the weighted sum of the observations and the predicted values from the first to the last period. To enhance the computational tractability, this study has used Stata ver.14 econometric software, which incorporates a single exponential smoothing method. Table 5 summarizes the two estimated values for the production factors of the nine electric power companies for 2015. The data columns in Table 5 summarize observed data for the nine electric utility firms in 2015. The columns with α = 0.1 and α = 0.9 indicate the forecasted data with the two smoothing constants, both of which were measured by the exponential smoothing technique. (a) The data is originally observed in 2015.
(b) The selected smoothing constants 0.1 and 0.9 do not necessarily correspond to the lower and upper bounds of each production factor estimates. The forecasting produces the data impreciseness in the production factor estimates (X, G and B). Table 6 lists the unified efficiency measures for the nine electric power companies that were measured by Model (2) and applied to the observed data set in 2015. In this case, we did not incorporate the data impreciseness in Model (2) . The last column of the table indicates those measures from Model (7) that were applied to the data set with impreciseness. Table 6 indicates two important implications. The first result produced from Model (2) measures the UEN measures of Japanese electric power companies under a possible occurrence of UC. Model (2) was applied to an observed data set for the nine companies in 2015. The problem is that all firms produce unity (1.000) in their UEN measures. The result is "unacceptable" as a result of a performance assessment because no difference can be found in their efficiency measures. The second result from Table 6 was measured by Model (7) , which computed the UEN measures under the same condition. The model used a forecasted data set in 2015 for the nine companies for our comparative study. The data set was obtained by the exponential smoothing method that was applied to the data sets from 2003 to 2014. As listed in the last column, Shikoku Electric Power Company reached unity in UEN, but the others did not attain the unity, rather indicating some level of inefficiency. As mathematically discussed in Section 4, Model (7) incorporates multiplier restrictions to deal with data impreciseness so that it can reduce the number of efficient DMUs as a by-product of eliminating data impreciseness. Thus, we confirm that Model (7) outperforms Model (2) in terms of efficiency measurement.
Computational note: Model (2) does not need any forecasted values. Meanwhile, Model (7) needs estimated values. The lower and upper bounds (L and U) on the multipliers are due to Equation (9) .
(a) For our methodological comparison, we use Model (2) without data impreciseness. The dual formulation of (2) becomes Model (4) . Both produce the same unified efficiency measures. measures. This result is unacceptable because we cannot classify them for their ranks. (e) As listed in the last column, electric power companies (i.e., Shikoku) reached unity, but the others were showing some level of inefficiency. Model (7) incorporates a multiplier restriction to handle the data impreciseness. As a result of such a restriction, they can reduce the number of efficient DMUs from nine to one.
Forecasted Performance Assessment from 2016 to 2020
To obtain the forecasted values of each production factor from 2016 to 2020, this research applied the double-exponential smoothing technique to the data set. Double-exponential smoothing conducts the same procedure described in Equations (9), but the smoothing was applied to the smoothed (predicted) series obtained from the (single) exponential smoothing.
The procedure for an input (x), for example, becomes
where the superscript d stands for the double-exponential. In Equation (9), Fx d ijt on the left-hand side indicates the double-exponential smoothing forecast values for x in the tth period. The initial value Fx d ij2003 is obtained by fitting a linear regression with a time trend using the first half of the observations in the data set from 2003 to 2008.
Computational note: The proposed procedure can be applied to the other production factors (g, a desirable output and b, an undesirable output). Here, let us express the average of each factor of the jth DMU by the bar (−). Then, x ijt = (x L ijt + x U ijt )/2, g rjt = (g L rjt + g U rjt )/2 and b f jt = (b L f jt + b U f jt )/2, where the upper and lower bounds are due to Equation (10) . These forecasted average values are used as the estimates of production factors in Model (7) . Table 7 summarizes the forecasted values on X, G and B of the nine electric power companies in the case of α = 0.1 and 0.9, along with the average (listed as "estimated") between the two forecasted values. Table 8 summarizes the unified efficiency measures of the nine electric power companies from 2016 to 2020. We applied Model (7) to the forecasted data set in Table 7 , in the column named "estimated". In this case, each specific period was selected from 2016 to 2020. Note that the table summarizes their unified efficiency measures after we pools all data from 2016 to 2020. The predicted observations during the five years are treated as cross-sectional data. Figure 5 exhibits an annual shift of their unified efficiency measures. Table 9 summarizes the unified efficiency measures of the electric utility companies whose data sets are all pooled from 2016 to 2020.
We identify three main findings from Tables 8 and 9 and Figure 5 . First, we cannot find any major difference between the two tables, indicating that the specific year and the pooled years do not produce a major difference in their computation of Model (7) . As depicted in Figure 5 , the Japanese electric power companies, e.g., Hokuriku, have improved their efficiency measures. The Hokuriku Electric Power Company showed a decreasing trend in 2016-2020. Second, the Shikoku Electric Power Company outperformed the others. Like Hokuriku, this power company is relatively small compared to the others; thus, it is expected that the firm controls the input measures (e.g., operation expenses) so that it could attain a high level of efficiency status. Finally, we expected TEPCO to perform very poorly because of the influence of the nuclear disaster. However, the performance of the firm was not the worst, rather being in the middle of the industry. See the results from the observed and forecasted data sets, as depicted in Figures 4 and 5;  this is a surprising result.
Here, it is important to discuss concerning why TEPCO have performed relatively well needs to be discussed here. There are three rationales on the matter. First, the company covers Kanto area, including Tokyo and other large cities like Yokohama (the second largest city next Tokyo). Tokyo is the center of Japanese business, politics and all other activities. The company covers more than 30 million peoples. After the nuclear disaster, all electric power firms have suffered from declines of share prices, but have gradually regained their economic successes due to the new economic, energy and industrial strategies of the Japanese government since 2012. As a result, TEPCO can enjoy its scale merit in a recovery process from the nuclear disaster. Second, the Japanese government has created a policy scheme to allocate the huge loss from the nuclear disaster to not only TEPCO but also all the other incumbent electric power companies that own nuclear power plants. They have increased their electric tariffs so that they have gradually recovered from the financial damage by the support scheme through which they indirectly collect the costs from consumers and tax payers. Finally, the Japanese government has estimated a huge financial support for TEPCO over 20 to 30 years (approximately $203.4 billion in total that is calculated by the exchange rate with 108.14 Japanese Yen per US dollar) to avoid the bankruptcy. The decision protected Japanese banks that had been supporting the operation of TEPCO. See [43, 44] that provide detailed description on the three rationales. Avg. and S.D. re average and standard deviation, respectively. Model (7) uses estimated values measured by Equation (9) . All are treated separately in this data analysis. Avg. and S.D. re average and standard deviation, respectively. Model (7) uses estimated values measured by Equation (10). All are pooled together in this data analysis. Avg. and S.D. re average and standard deviation, respectively. Model (7) uses estimated values measured by Equation (10) . All are pooled together in this data analysis.
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Conclusions
This study examined the performance of Japanese electric power companies from 2003 to 2020 where we used an observed data set on 2003-2015 and a forecasted data set on 2016-2020. As a method, this study used DEA environmental assessment. An important feature incorporated into the approach was originally designed to handle a production process among X, G and B. The approach unified them into a holistic assessment without an assumption on a production function among them. This study newly added an analytical capability to the DEA-based assessment by including a capability to handle an "imprecise" data set for "future prediction". It is easily imagined that the forecasting is usually associated with data impreciseness. It is also true that most of data may be structured under the impreciseness.
As an important application, this study applied the proposed approach to investigate the Japanese electric power industry, including after the disaster of Fukushima Daiichi nuclear power plants. All the electric power firms have suffered from huge damage in their operations in 2011 due to the nuclear disaster. The Japanese government has developed a policy scheme for recovering the huge amount of nuclear accident handling costs due to the nuclear disaster, which has allocated the costs to not only TEPCO but also the other incumbent electric power utility companies that own nuclear power plants. Under the scheme, they have increased their electric tariffs so that their financial conditions have been gradually recovering from the damage by their managerial efforts and allocating the expenditure indirectly to consumers and tax payers. A policy issue to be discussed in future is how to minimize the total expenditures so that it can reduce people's financial burdens. For the purpose, the efficiency measurement is important as documented in this research.
We have the five research tasks, all of which were not sufficiently explored in this study. They become the future extensions of this study which are specified as follows: First, this study considers only the amount of CO 2 emission as an undesirable output because its reduction is the main interest of the world. However, it is true that we need to consider the other types of GHG emissions (e.g., NOx: Nitrogen Oxides). Unfortunately, we had a difficulty in data accessibility on those undesirable outputs, so not incorporating them in this study. Second, the Japanese government still believes the nuclear power energy is necessary for the future industrial development and the reduction on GHG emissions. However, is it an appropriate policy direction? Such a policy question, including part of Japanese fuel mix strategy, needs to be discussed from future energy perspectives. Third, this study needs to discuss how to conduct various statistical tests based upon the proposed DEA environmental assessment on data impreciseness. Such analyses on the data impreciseness and forecasting will be an important future research task. Fourth, we need to extend this study by empirically applying the proposed approach to examine the influence of BEP. Finally, it is necessary for us to apply the proposed approach to the industrial assessment in not only Japan but also the other industrial nations.
In conclusion, it is hoped that this study makes a contribution on energy. We look forward to seeing future extensions as summarized above. 
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